ABSTRACT
Transport systems function generally well. In some occasions though, unexpected and 2 unwanted performance patterns are noticed that lead to system failures and cost implications. 3 Significantly low speeds or excessively low flows at an unusual time are only some of the 4 phenomena that may confuse a driver or transport authorities, since they are totally unexpected and 5 frequently there is no obvious explanation for them. The term "anomalies" refers to those 6 non-conforming patterns which appear into a well-defined notion of normal behavior. In the 7 literature, similar phenomena can be described as outliers, exceptions or discordant observations. 8 The common feature of all these terminologies is that they represent critical information in a wide 9 variety of application domains, which is particularly useful for momentous events identification 10 and crisis management.
11
Anomaly detection is extensively used in a wide variety of applications. It is a crucial task 12 in many safety-critical environments, such as fraud detection for credit cards, insurance or health form, and has been largely neglected. 27 Sensors can detect and accurately measure traffic congestion, flow models can represent 28 how it should evolve on a specific network area and time window, but they cannot find a parade 29 organized nearby. Figure 1 In previous works in collaboration with the Land and Transport Authority of Singapore, 40 we showed that even simple event information (e.g. event category) collected from an online event 41 directory, can be used to improve public transport arrival predictions (1). However, due to the 42 complexity of the exploration of the open Web (e.g. using Google search), the use of internet data 43 in transportation is currently limited to manually defined sources and highly fine-tuned processes.
44
As mentioned in (2), the grand challenge is to break this "barrier" and start jointly considering all 45 kinds of contextual information by broadening the search space to the entire Web, instead of just 46 focusing on a single type of contextual resource such as incident feeds or a manually build list of 47 event websites.
1
The main contributions of this paper are the formulation of a proper methodology that 2 identifies traffic anomalies on traffic networks and correlates them with special events using 3 internet data. Our main subject of interest is the exploration of why traffic congestion is happening 4 as well as why there are demand fluctuations in days were there are no apparent reasons for the 5 occurrence of such phenomena. The present study is not yet about automatically searching from 6 the web for a random event, instead it's about getting the first building blocks for this endeavor: 7 automatically detect time, location, and magnitude of such events for real-time explanation of 8 traffic congestions or road closures which are highly correlated with them. Utilizing the developed 9 methodology, we are gradually led to the real-time surveillance of the state of the transportation 10 network during non-recurrent scenarios, such as the events described in the research, and provide 11 real-time information and guidance to travelers and transportation administrators. 12 The remainder of this paper is structured as follows. A literature review on traffic There is no well-defined threshold above which we identify anomalies on transport 29 systems. They are caused by accidents, sport events, parades, demonstrations, extreme weather 30 conditions etc. The intuition is that anomalies should happen whenever the supply (e.g. buses, trains, network capacity) is misaligned with the demand (e.g. travelers) in ways that are not 1 common for that location and time. Given a sample = { } =1… from a distribution with density function ( ), an estimate 12 ( ) of the density at can be calculated using 13 14 
Where: i is the examined day and σ is the standard deviation of the average day. Through the 3 Z-Score data transformation, each kernel density value is given in units of how many standard 4 deviations it is from the mean value, and consequently how far from the average day demand 5 levels. Maximum differences of each day will be used for the next stage of analysis which is their 6 spatial localization and explanation. A depiction of demand differences is shown in Figure 3b , 7 where red shades represent higher demand from the prior average analysis, while blue the opposite 8 effect.
9 10 11 FIGURE 3: Kernel Density analysis depiction of (a) the average day (b) demand differences 12 13 Anomalies explanation
14
The Internet is a valuable resource for extracting information about special events, such 15 as their location, duration and their popularity through Facebook likes or Google trends.
16
Therefore, it could be a very useful tool for the level of assessment we are interested in this 17 research.
18
From the scanning procedure we are able to create a diagram that shows the most significant planning and budgeting and also will be useful in preparing emergency response plans.
5

Results
6
From the implemented analysis on taxi trips datasets in 2013 and 2015, several whole-day 7 events and small scale events were identified. The most characteristic examples are presented 8 below.
9 10
Whole Day Events
11
High differences for a whole day were generally noticed when there is a public holiday, or 12 the city faces extreme weather conditions (31). By implementing the methodology described in 13 detail in the previous section, we are able to identify high deviations from the average day 14 whenever a blizzard affected the city, as well as on the Memorial Day. anomalies on traffic networks and correlates them with special events using internet data. We 7 evaluated our system with the Yellow taxi trips dataset in New York City during 2013 and 2015. 8 We defined initially the "normality" baseline and thereunder we studied individual days' demand 9 patterns for outliers' detection. 
